nature medicine a r t i c l e s Metabolic diseases are often present for years before becoming clinically apparent. For instance, by the time relative insulin deficiency manifests as hyperglycemia and a diagnosis of type 2 diabetes is made, considerable pancreatic beta cell insufficiency has already occurred 1 . Current clinical and laboratory predictors such as body mass index or fasting glucose can be helpful in gauging diabetes risk 2 , but they often reflect extant disease, are most useful when assayed in temporal proximity to the development of overt diabetes and may provide little additional insight regarding pathophysiologic mechanisms. Given the availability of effective interventions for delaying or preventing the onset of type 2 diabetes and the increasing burden of the condition worldwide, earlier identification of individuals at risk is particularly crucial [3] [4] [5] [6] .
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Metabolic diseases are often present for years before becoming clinically apparent. For instance, by the time relative insulin deficiency manifests as hyperglycemia and a diagnosis of type 2 diabetes is made, considerable pancreatic beta cell insufficiency has already occurred 1 . Current clinical and laboratory predictors such as body mass index or fasting glucose can be helpful in gauging diabetes risk 2 , but they often reflect extant disease, are most useful when assayed in temporal proximity to the development of overt diabetes and may provide little additional insight regarding pathophysiologic mechanisms. Given the availability of effective interventions for delaying or preventing the onset of type 2 diabetes and the increasing burden of the condition worldwide, earlier identification of individuals at risk is particularly crucial [3] [4] [5] [6] .
Emerging technologies have made it more feasible to acquire highthroughput profiles of a whole organism's metabolic status (metabolite profiling, or metabolomics) [7] [8] [9] [10] . These techniques, which allow assessment of large numbers of metabolites that are substrates and products in metabolic pathways, are particularly relevant for studying metabolic diseases such as diabetes. Furthermore, in addition to serving as potential biomarkers of disease 11 , metabolites may have unanticipated roles as regulatory signals with hormone-like functions 12, 13 or effectors of the disease process itself 14 .
Recent cross-sectional studies have documented differences in blood metabolite profiles before and after glucose loading [15] [16] [17] and in obese compared with lean individuals 14 . These studies have noted differences in the abundance of C3 and C5 acylcarnitines, glutamine and glutamate, additional amino acids and other small molecules. These observations raise the possibility that alterations in plasma metabolite concentrations could presage the onset of overt diabetes and therefore aid in the identification of at-risk individuals by adding information over standard clinical markers. We performed metabolite profiling in participants from two large, longitudinal studies, with the goal of identifying early pathophysiological changes that might also serve as new predictors of future diabetes.
RESULTS

Metabolite profiling in the Framingham Offspring Study
We performed a nested case-control study in the Framingham Offspring Study. Among 2,422 eligible, nondiabetic subjects who underwent a routine examination between 1991 and 1995, 201 individuals developed new-onset diabetes during a 12-year follow-up period (cases). We performed metabolite profiling on the baseline samples from 189 of these individuals, for whom we found 189 propensitymatched control subjects from the same baseline examination who a r t i c l e s nature medicine VOLUME 17 | NUMBER 4 | APRIL 2011 4 4 9
did not develop diabetes (controls). Cases and controls were closely matched with respect to age, sex, body mass index (BMI) and fasting glucose ( Table 1) .
We assessed the correlations between baseline concentrations of metabolites. Mean correlations within groups of related molecules were highest for urea cycle metabolites (age-and sex-adjusted r = 0.49; Fig. 1 ), metabolites involved in nucleotide metabolism (r = 0.38), amino acids (r = 0.34) and methyl transfer metabolites (r = 0.34).
Selected metabolites predict future diabetes
In paired analyses, five metabolites had P values of 0.001 or smaller for the baseline differences between cases and controls (Supplementary Table 1 ). Fasting concentrations were higher in the cases in all instances. Three of these metabolites were branched-chain amino acids: leucine (P = 0.0005), isoleucine (P = 0.0001) and valine (P = 0.001). The other two were aromatic amino acids: phenylalanine (P < 0.0001) and tyrosine (P < 0.0001). A third aromatic amino acid, tryptophan, had a P value of 0.003.
The change in concentration of the five branched chain or aromatic amino acids during oral glucose tolerance test (OGTT) was not associated with incident diabetes, suggesting that concentrations after OGTT did not add predictive information to the baseline concentrations. For the other metabolites studied, only lysine showed a differential change with OGTT when cases were compared with controls (P = 0.0005).
In additional analyses stratified by duration of follow-up, there was no evidence of an interaction between follow-up year and case-control difference for any of the amino acids (P > 0.10 for all tests of interaction). Thus, the amino acids seemed to retain their predictive value for the development of new-onset diabetes up to 12 years after the baseline examination at which metabolite profiling was performed.
Predictive value adds to standard clinical measures
We fitted conditional logistic regression models to assess the association between baseline metabolite levels and future diabetes, adjusting for age, sex, BMI and fasting glucose ( Table 2) . For the five amino acids of interest, each s.d. increment in log marker was associated with a 57-102% increased odds of future diabetes (P = 0.0002-0.002). Individuals in the top quartile of individual plasma amino acid concentrations had 2-to 3.5-fold higher odds of developing diabetes over the 12-year followup period, compared with those whose plasma amino acid levels were in the lowest quartile. The odds ratios for the metabolites remained strong when we further adjusted the models for parental history of diabetes and serum triglyceride concentrations, which were higher in cases than in controls. Findings were also similar after adjustment for dietary intake of protein, amino acids and total calories, and in the subgroup of individuals with propensity scores in the lowest tertile (data not shown). Fasting concentrations of the five amino acids moderately correlated with biochemical measures of insulin resistance and beta cell function, including homeostatic model assessment of insulin resistance Table 2) . Nonetheless, the association of the plasma amino acid concentrations and incident diabetes was unchanged even after adjusting for these measures ( Table 3) .
Amino acid combinations and prediction of diabetes
We assessed the predictive performance of clinical models containing fasting plasma amino acids (Supplementary Table 3 ). The basic clinical model had a -2-log likelihood ratio (LHR statistic) < 3, which was expected given the matched-pair design that included age, sex, BMI and fasting glucose. Addition of any one of the five branched chain or aromatic amino acids improved the model fit substantially, as indicated by large increases in the LHR statistic (+9-16, P < 0.05). Combinations of three amino acids further improved the −2-log likelihood ratio (+6 to 9, P < 0.05), when compared with individual amino acids. There was only small additional increment in the LHR statistic when all five amino acids were included. We observed similar patterns with changes in the c-statistic across different models. The top combination of three amino acids on the basis of LHR statistic and c-statistic comprised isoleucine, phenylalanine and tyrosine. We performed conditional logistic regression models with the three-amino-acid combination (isoleucine, phenylalanine and tyrosine). Individuals in the top quartile of the amino acid score had a five-to sevenfold higher risk of developing diabetes compared with individuals in the lowest quartile (P for trend, 0.007-0.0009; Table 2 ).
Replication analyses (Malmö Diet and Cancer study)
We measured the five amino acids of interest in an independent replication sample from the Malmö Diet and Cancer study comprising 163 cases and 163 controls (mean age 58 years, 55% women). Four of the five individual amino acids (leucine, valine, tyrosine and phenylalanine) were significantly associated with incident diabetes (adjusted odds ratios per s.d. increment were similar to Framingham, 1.37 to 2.01; P = 0.009 to 0.04; Table 4 ). The remaining amino acid, isoleucine, had a nonsignificant association (P = 0.09).
We also tested the three-amino acid combination (isoleucine, phenylalanine and tyrosine) derived in the Framingham Offspring Study. Individuals in the upper quartile of the three-amino acid combination had a fourfold higher risk of incident diabetes in the Malmö Diet and Cancer study compared with those in the lowest quartile (P for trend across quartiles, 0.006; Table 4 ).
Assessment of biomarkers in a random population
Because diabetes propensity was used to match individuals in the case-control studies, the study sample was enriched for individuals Values are odds ratios (95% confidence intervals) for diabetes from conditional logistic regressions. All models are adjusted for age, sex, BMI and fasting glucose. The amino acid combination is modeled according to the formula β 1 X 1 + β 2 X 2 + β 3 X 3 , with X j denoting the standardized value for the jth amino acid and β j denoting the regression coefficient from the regression model containing the indicated metabolites. with high-risk features such as obesity and elevated fasting glucose. As a consequence, the results in the case-control samples reflect what would be expected in a high-risk cohort but not necessarily in a more heterogeneous sample. Thus, we performed metabolomic profiling on an additional 400 controls randomly selected from all individuals in the Framingham Offspring cohort who were free of diabetes or cardiovascular disease (n = 2,422). As expected, the new sample (referred to as the random cohort) had a lower mean fasting glucose and BMI compared with the original case-control sample ( Table 1) . We repeated the analyses for the amino acid profiles identified in the case-control study. After adjustment for standard diabetes risk factors, including fasting glucose, BMI and parental history, the amino acid profile was still associated with future diabetes development (adjusted odds ratio, 1.36, per s.d. increment in the amino acid score, P = 0.008; Table 5 and Supplementary Table 3) . Individuals with the highest amino acid scores (top quartile) had an approximately twofold higher adjusted risk of developing diabetes over 12 years of follow-up.
DISCUSSION
Using a mass spectrometry-based metabolite profiling platform, we identified a panel of amino acids whose fasting concentrations at a routine examination predicted the future development of diabetes in otherwise healthy, normoglycemic individuals. Indeed, fasting concentrations of these amino acids were elevated up to 12 years before the onset of diabetes. The risk of future diabetes was elevated at least fourfold in those with high plasma amino acid concentrations in both the discovery and replication samples.
A growing number of studies have used mass spectrometry as a tool for biomarker discovery 18, 19 , but these studies have been largely cross-sectional, providing limited information regarding the relation of metabolomic (or proteomic) biomarkers to the future development of disease. Thus, a strength of our investigation is the use of two well-characterized prospective cohorts, one for derivation and one for replication, each with more than 3,000 participants who have been followed longitudinally for decades. All individuals in our study were free of diabetes at the time the blood samples were collected, and matching for BMI and fasting blood glucose in our study design minimized confounding from existing glucose intolerance. The long period of observation enabled us to show that circulating amino acid elevations can occur well before any alteration in insulin action is detectable by standard biochemical measures.
Our findings, which highlight five branched-chain and aromatic amino acids from 61 metabolites profiled, are noteworthy in the context of experimental and clinical data suggesting that certain amino acids may be both markers and effectors of insulin resistance 14, 15, 18, 20, 21 . Several decades ago, a study of 20 nonobese and obese individuals found that fasting concentrations of branchedchain and aromatic amino acids correlated with obesity and serum insulin 20 . Additionally, glucose loading lowered amino acid concentrations in insulin-sensitive, but not insulin-resistant, individuals. Both sets of findings have been corroborated by more recent studies using LC-MS-based metabolomics platforms [14] [15] [16] 18 . Studies of branched-chain amino acid supplementation in both animals 14 and humans 22 indicate that circulating amino acids may directly promote insulin resistance, possibly via disruption of insulin signaling in skeletal muscle. The underlying cellular mechanisms may include activation of the mammalian target of rapamycin, JUN and insulin receptor substrate-1 signaling pathways in skeletal muscle 14, 21 . By contrast, others have shown improved glucose homeostasis in mice fed a diet specifically enriched in leucine 23 .
In addition to insulin resistance, impaired insulin secretion has a crucial role in the pathogenesis of type 2 diabetes. In this regard, it is noteworthy that multiple amino acids, particularly the Values are odds ratios (95% confidence intervals) for diabetes, from conditional logistic regressions. All models are adjusted for age, sex, BMI and fasting glucose. The amino acid combination is modeled according to the formula β 1 X 1 + β 2 X 2 + β 3 X 3 , with X j denoting the standardized value for the j th amino acid and β j denoting the regression coefficient from the conditional logistic regression model containing the indicated metabolites. Values are odds ratios (95% confidence intervals) for diabetes, from conditional logistic regressions. The amino acid combination is modeled according to the formula β 1 X 1 + β 2 X 2 + β 3 X 3 , with X j denoting the standardized value for the j th amino acid and β j denoting the regression coefficient from the conditional logistic regression model containing the indicated metabolites.
a r t i c l e s branched-chain amino acids, are modulators of insulin secretion [24] [25] [26] . Thus, another possible mechanism by which hyperaminoacidemia could promote diabetes is via hyperinsulinemia leading to pancreatic beta cell exhaustion. Although circulating amino acids correlated with standard biochemical measures of insulin resistance and beta cell function, amino acid concentrations were predictive even among individuals with similar fasting insulin and glucose concentrations. Furthermore, stimulation of the insulin axis with OGTT did not elicit differential amino acid changes between cases and controls. All of these findings support the notion that hyperaminoacidemia could be a very early manifestation of insulin resistance-one that presages the clinical onset of diabetes by years.
The ability to identify individuals before the onset of disease is particularly important for conditions such as diabetes, because proven, preventive therapies exist and end-organ complications accrue over time. Although traditional risk factors such as BMI and fasting glucose provide key information about future diabetes risk, not all individuals who are obese develop diabetes. It is crucial to understand which at-risk individuals are most likely to progress to overt disease. There has been interest in genetic risk prediction, but the known diabetes polymorphisms add modestly to risk assessment 27, 28 . For instance, known polymorphisms are associated with only 5-37% increases in the relative risk of diabetes, compared with the 60-100% increases in risk that we observed with elevation in amino acids. Indeed, the relative risks associated with elevated amino acids were comparable to, or higher than, those associated with higher age, fasting glucose or body mass index in previous population-based studies 28 .
Additionally, our findings may provide insight regarding subgroups in which amino profiles could yield the most incremental information. Most of our analyses were based on high-risk study samples as a result of the matching scheme that paired cases with controls who had a high predicted risk of diabetes. In this setting, amino acid elevations were associated with very high relative risks for developing diabetes, and the amino acid profiles led to large improvements in model fit and discrimination (c statistics). We found this result in both the discovery and replication cohorts, attenuating concern for overfitting of the data. In a more heterogeneous study sample, obtained by looking at a random set of controls from the Framingham cohort, the relative risks associated with elevated amino acids were attenuated (though still significant, in the twofold range), and changes in c statistics were modest. Baseline BMI and glucose concentrations in the random cohort analysis were lower, on average, compared with the case-control analyses, and the distributions much broader. Most of the variation in diabetes risk in such a sample is attributable to variation in BMI and other standard diabetes risk factors. Overall, these findings suggest that amino acid profiling might have greater value in high-risk individuals, but confirmation in additional studies is needed.
Several limitations of the study deserve comment. We used a targeted approach that coupled liquid chromatography with a triple quadrupole tandem mass spectrometer. Although alternate LC-MS techniques or nuclear magnetic resonance spectroscopy can be used to acquire spectral data in a less biased manner, targeted LC-MS provides much greater sensitivity, highly specific identification of analytes and the ability to quantify absolute analyte concentrations when appropriate standards are added. The platform used for our study was geared toward small molecules such as amino acids, as well as urea-cycle and nucleotide metabolites. This choice was informed by previous studies suggesting a cross-sectional association between insulin resistance and several metabolites 18, 20 and the absence of prospective data linking metabolite concentrations to future risk of diabetes. Our identification of a set of five amino acids whose fasting levels strongly predict the future development of diabetes does not preclude that other metabolites may also predict disease. Identification of new biomarkers will no doubt accelerate as platforms expand their metabolite coverage.
In the Framingham Offspring Study, close surveillance of the participants over serial examinations ensured reliable ascertainment of the development of diabetes over time. In the replication cohort (Malmö Diet and Cancer study), incident diabetes cases were identified through the use of three registries. Although this introduces the possibility of misclassification of diabetes status in the Malmö Diet and Cancer study, such misclassification would be expected to bias the results toward the null. Indeed, the robustness of the findings in two longitudinal cohorts with widely different methods for ascertaining diabetes further increases our confidence in the validity of the results. Lastly, individuals in both cohorts were predominantly white and of European descent. Further studies are needed to determine whether the findings extend to other racial and ethnic groups.
In summary, from a panel of > 60 metabolites, branched-chain and aromatic amino acids emerged as predictors of the future development of diabetes. A single, fasting measurement of these amino acids provided information over standard risk factors (such as BMI, dietary patterns and fasting glucose). Further investigation is warranted to test whether plasma amino acid measurements might help identify candidates for interventions to reduce diabetes risk and to elucidate the biological mechanisms by which certain amino acids might promote type 2 diabetes.
METhODS
Methods and any associated references are available in the online version of the paper at http://www.nature.com/naturemedicine/.
Note: Supplementary information is available on the Nature Medicine website.
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ONLINE METhODS
Study samples. The Framingham Offspring Study was initiated in 1971, when 5,124 individuals enrolled into a longitudinal cohort study 29 . The fifth quadrennial examination took place between 1991 and 1995. Of 3,799 attendees to the fifth examination, 2,422 were eligible for our investigation because they were free of diabetes and cardiovascular disease, underwent routine OGTT and were 35 years old or older.
We tested findings for replication in the Malmö Diet and Cancer study, a Swedish population-based cohort of 28,449 persons enrolled between 1991 and 1996. From this cohort, 6,103 persons were randomly selected to participate in the Malmö Diet and Cancer Cardiovascular Cohort 30 . We obtained fasting plasma samples in 5,305 subjects in the Malmö Diet and Cancer Cardiovascular Cohort, of whom 564 had prevalent diabetes or cardiovascular disease before baseline and an additional 456 subjects had missing covariate data, leaving 4,285 subjects eligible for analysis.
The study protocols were approved by the Institutional Review Boards of Boston University Medical Center, Massachusetts General Hospital and Lund University, Sweden, and all participants provided written informed consent. Detailed descriptions of the clinical assessment, diabetes definition and subject selection are provided in the Supplementary Methods. Metabolite profiling. We profiled amino acids, biogenic amines and other polar plasma metabolites by LC-MS. Formic acid, ammonium acetate, LC-MS-grade solvents and valine-d8 were purchased from Sigma-Aldrich. We purchased the remainder of the isotopically labeled analytical standards from Cambridge Isotope Labs. We prepared calibration curves for a subset of the profiled analytes by serial dilution in stock pooled plasma using stable isotope-labeled reference compounds (leucine-13 C, 15N, isoleucine-13 C6, 15N, alanine-13 C, glutamic acid-13 C5, 15N, taurine-13 C2, trimethylamine-N-oxide-d9). We ran samples with isotope standards for calibration curves at the beginning, middle and end of each analytical queue. We prepared plasma samples for LC-MS analyses via protein precipitation with the addition of nine volumes of 74.9:24.9:0.2 vol/vol/ vol acetonitrile/methanol/formic acid containing two additional stable isotopelabeled internal standards for valine-d8 and phenylalanine-d8. The samples were centrifuged (10 min, 15,000g, 4 °C), and the supernatants were injected directly. Detailed methods are provided in the Supplementary Methods. Statistical analyses. We examined the association between plasma metabolite concentrations (before and after OGTT) and incident diabetes in Framingham. We log-transformed metabolite levels because the case-control differences did not show a constant variance. We compared cases (those developing new-onset diabetes during the 12-year follow-up) versus propensity-matched controls, using paired t tests for the 48 metabolites with <5% missing data. For the 13 metabolites with undetectable levels in ≥5% of samples, we used McNemar's test to compare the proportion of detectable values. We also examined whether the change in metabolite levels during OGTT was associated with diabetes, by regressing the 2-h metabolite level on the baseline level, case status, and an interaction term, using generalized estimating equations.
We used a corrected P value threshold of 0.001 to account for the 48 metabolites analyzed as continuous variables (Supplementary Methods). For metabolites meeting the P value threshold, we performed conditional (matched-pairs) logistic regression analyses to estimate the relative risk of diabetes at different metabolite values, adjusting for age, sex, BMI and fasting glucose. In additional analyses, we also adjusted for parental history, serum triglycerides, high-density lipoprotein cholesterol, hypertension, intake of dietary protein, amino acids and total calories. We also assessed whether plasma metabolites predicted diabetes risk incrementally over biochemical measures of insulin resistance and beta cell function: fasting insulin, HOMA-IR, HOMA-B and glucose 2 h after OGTT 31 . These models were adjusted for age, sex, BMI, fasting glucose and the log-transformed insulin resistance or secretion measure. We analyzed metabolites as both continuous and categorical (using the quartile values in controls as cutpoints) variables. We also performed secondary analyses restricted to case-control pairs in the lowest tertile of propensity score.
To identify the most predictive biomarker combination, we calculated loglikelihood ratios and evaluated model discrimination using the c statistic. The c statistic was calculated by assessing the proportion of case-control pairs for which the biomarker value in cases exceeded that in controls. We assessed biomarker combinations by calculating the sum of standardized biomarker values weighted according to their corresponding beta coefficients from the regression analyses and entering the weighted value into a separate logistic regression model. The values were grouped into quartiles and tested using a class variable to estimate the odds ratio for each quartile.
We attempted to replicate our findings in the Malmö Diet and Cancer cohort by testing the most significant metabolite predictors identified in the Framingham cohort. A replication P value <0.05 was considered significant. We also performed analyses in a random cohort sample from the Framingham cohort to assess the association between amino acids and diabetes risk in a lower-risk, more heterogeneous group. A total of 201 cases were available for this analysis (overall n = 601). We used Cox proportional hazards models to account for time to diabetes onset (discrete time based on interexamination interval), with adjustment for age, sex, BMI, fasting glucose, parental diabetes history and metabolite scores as described above.
Additional methods. Detailed methodology is described in the Supplementary Methods, Supplementary Figure 1 and Supplementary Table 4. 
